The phyllosphere, the microbial community inhabiting the surface of plant leaves [1] , can play 42 important positive roles for the plant partner. For example, disease resistance is increased when 43 supportive microbial bacteria are present [2,3] and increased host plant growth in the presence of 44 specific community members has been documented [4] [5] [6] , along with a positive effect of overall 45 increased microbial diversity [7] . Leaf habitats are also extremely important for the microbial 46 community, as this habitat is quite large in surface area globally. In temperate regions seasonal 47 growth and annual agricultural plantings lead to repeated opportunities for colonization by 48 adapted microbes [8, 9] . 49 50
Determinants of community assembly/succession in microbial systems include biotic and abiotic 51 factors, often classified into different community assembly rules [10] . Typically random or 52 neutral stochastic models are tested against abiotic effect models, which are called 53 environmental, or, more recently, habitat filtering rules. Environmental filtering can produce 54 different patterns depending on scale [11] . As recommended by Kraft et al. (2015) we will refer 55 to environmental filtering as habitat filtering when there is no separate test for abiotic and biotic 56 effects. A second class of assembly rules addresses the interactions of organisms, by either 57 facilitation or competitive exclusion. These niche interactions are often modeled separately from 58 abiotic effects, or abiotic effects are assumed to happen first. 59 60
Community assembly and succession processes are typically inferred from diversity patterns in 61 community samples [12] . The number of different taxa (alpha-diversity), the difference in the 62 composition of taxa between replicates (beta-diversity) and the proportion of co-occurring taxa 63 all provide evidence for these different community-generating mechanisms. Niche construction 64 is inferred from a pattern of decreasing beta-diversity, increasing co-occurrence, and increasing 65 richness, while habitat filtering is characterized by decreasing beta-diversity with no trends in co-66 occurrence or richness [13] [14] . In contrast, neutral community assembly would exhibit 67 increased richness (provided immigration rates are maintained), with unchanged beta-diversity 68 and co-occurrence levels. Once we have measurements of the various components of diversity, 69
we can compare observed trends to these expectations. The combination of 70 increasing/decreasing trends would then support or fail to support a particular mechanism of 71 community succession. Both trait-based (morphological, in our study) and taxonomic measures 72 of diversity can be compared to the expected trends [15, 16] Leaf wash samples for ribosomal DNA analysis were then collected from the same ten plants, 146 using adjacent leaf numbers and a similar portion of the leaf tip ( Fig. 1 ). Approximately 10 cm 147 of leaf was cut, submerged in buffer (0.2mM Tris pH 7.5, 0.02 mM EDTA, 0.00012X Triton 148 X100), agitated vigorously and removed using the method described in [27] . Leaf washes were 149 stored on dry ice while in the field then placed in a -70 ˚C freezer for long-term storage. One 150 mock control (where no leaves were placed in the tubes) and one wash control (SEM sample  151 from washed leaf to check for washing effectiveness) was taken for each stage. 152 153 SEM sample processing 154
Excess glutaraldehyde was removed from leaf SEM samples by rinsing for 30 minutes in 0.1 M 155
Sorenson's phosphate buffer followed by an additional 30 minutes in distilled water. Sections 156 were then dehydrated in an acetone series (50%, 70%, 90%, 100%), each lasting 30 minutes, 157
followed by a 30-minute treatment in hexamethyldisilazane (HMDS). Sections were then 158 allowed to air dry before being attached by the lower leaf surface to stubs using double-sided 159 sticky tape. One leaf section chosen arbitrarily from each plant was sputter coated with 10 nm of 160 platinum/palladium and observed in the SEM at 5 kV with a spot size of 3. The SEM procedure 161 was tested prior to sampling using young (approximately 25 cm tall), greenhouse grown maize 162 plants and outlined; bacteria were identified by size and smoothness of circumference, as originally 201 described by Davis (1979) . Bacterial areas were measured using Image Pro Plus (Media 202
Cybernetics, Inc., Rockville, MD, USA) and recorded for each quadrant picture that was taken. 203
Image Pro Plus sized bacteria that were touching other bacteria as one large organism, therefore 204 as many bacteria as possible were outlined in the clusters without outlining touching bacteria. 205
Each image was individually measured using calibration settings based on the magnification 206 used to take the image. Each image analyst completed analysis of a training image set and the 207 coefficient of variation of their analyses was checked to ensure that it was less than 5%. 208 209
Bacterial sizes acquired from all images were binned using methods described by Shimazaki transformation and Bray Curtis similarity resemblance were applied to the initial abundance data 230
within Primer-E before Permanova and Permdisp tests were run. The P-values from the program 231
were Bonferroni-corrected. Primer-E SIMPER analysis was used to compute the number of 232 OTU contributing to differences between stages. Primer-E functions were used to compute 233 diversity measures and taxa numbers for each sample (S1 Dataset). 234 235
The evenness (Pielou's J') of OTU and SCU for each sample was computed using Primer-E v6 236 [38] . The values of J' for OTU and SCU were compared across plant stages by rank-transformed 237 analysis of means using the routines in JMP Pro v11 (SAS Inc, Cary, NC) with P-values adjusted 238
for multiple comparisons. For the rank-transformed analysis of means the P-value threshold was 239 set at the Bonferroni-corrected value of P<0.007. This rank-transformed analysis of means is not 240 sensitive to heteroschedasticity and is more powerful than other non-parametric tests when the 241 data distribution is heavy-tailed [39] . Nonparametric pairwise comparisons of evenness between 242 stages were done using the Steel-Dwass multiple-comparison method. The distributions of SCU 243 areas in each stage of plant growth were also computed with JMP Pro v11. 244 245
Co-occurrence analysis 246
Pairwise analysis was completed using the R package Co-Occur [40]; this package allows 247 determination of the number of OTU/SCU that occur together in the same sample day at a 248 probability above random, along with the number of taxa that are not found together (negatively 249 correlated taxa) above the random-pair threshold. The analysis code, input and output files are 250 available at https://github.com/skosowsky/Cooccur. We created network visualizations of the 251 co-occurring OTU and SCU with Cytoscape (v. 3.4) and compared networks using the 252
Cytoscape plug-in app DyNet [41] . Intensity of node connection change across the seven stages 253 is reflected in the intensity of the color of the DyNet-analyzed nodes. 254 255
Statistical analysis of presence-only data 256
The number of OTU and SCU present within each sample was computed using Primer-E v6 257
(abbreviated as S, also known as Chao1). The number of OTU and SCU compared to the overall 258 mean across plant stages was analyzed using rank-transformed analysis of means via routines in 259 JMP Pro v11 (SAS Inc, Cary, NC), with P-values adjusted for multiple comparisons. For the 260 rank-transformed analysis of means the P-value threshold was set at the Bonferroni-corrected 261 value of P <0.007. This rank-transformed analysis of means is not sensitive to 262 heteroschedasticity and is more powerful than other non-parametric tests when the data 263 distribution is heavy-tailed. Nonparametric pairwise comparisons between stages were carried 264 out with the Steel-Dwass multiple-comparison method within JMP. 265 266 267
Results 268
Presence-absence matrix comparisons 269 270
ARISA community composition and beta-diversity Community composition changed over time in 271 bacterial ribosomal taxa (differences in OTU, defined as ribosomal intergenic spacer length 272 differences), with a Permanova P-value of 0.026 (S1 Table) . The Permanova pairwise results for 273 bacterial ribosomal OTU (Table 1 , S2 Table) indicate that, specifically, day 30 and day 80 were 274 significantly different from each other in community composition. Thus we can conclude there 275 was a difference in either the richness or arrangement of the communities' ribotypes in the 276 earliest and latest stages. To determine which aspect of community structure contributed to the 277 difference detected by Permanova, we examined the dispersion as a measure of beta-diversity, 278
i.e. the amount of range in the set of species present across replicates within each time. There 279 was no significant change in the dispersion in the ribosomal OTU datatype across stages 280 (Permdisp P=0.445). 281 282 283
Evenness is a measure of the range of OTU abundances in a sample unit; we used the Pielou's J' 284 measure of sample evenness for comparison of stage evenness values. Evenness values were not 285 normally distributed and were heavy-tailed (with kurtosis less than 3), so nonparametric tests 286
were used for analysis of evenness differences across stages. Evenness was significantly 287 different between stages 30 and 80 in the ARISA datatype in nonparametric pairwise tests (see 288 S1 Results), with the evenness value lower in the latest stage (i.e. a few OTU are more abundant 289
in the stage 80 samples, compared to a more similar set of abundances in the first samples), 290
though overall the evenness averages are not significantly different from the mean across all 291 sample days (S1 Results). This pairwise-significant evenness difference in important OTU 292 abundance ranges in the earliest and latest sample dates is also visible in a SIMPER analysis of 293 ARISA OTU, with the top contributions to the day 30 OTU more evenly spread (for day 30: 294
OTUs with 31, 19, 11, 11, 8, 6, 4%) as compared to day 80 (with OTUs of 50, 19, 10, 9, 5%, S4 295 Table) . 296 297 SEM community composition and beta-diversity In contrast to the ARISA datatype, in the SEM-298 based SCU data the beta-diversity significantly decreased in the day 41 samples relative to the 299 day 48 samples (Permdisp P=0.004, Table 1, S3 Table) . This beta-diversity difference 300
confounds Permanova tests, so we cannot further compare SEM community compositions across 301 stages with that method. The significant SEM beta-diversity community change tells us that 302 there is some successional process at this specific stage relative to the earlier and later samples. 303 304
Comparison of the Pielou's J' evenness values in the SCU datatype using nonparametric tests 305 indicated that day 72 had significantly lower evenness of size-classes relative to the overall mean 306 (S1 Results), with pairwise tests showing that day 72 was significantly lower in evenness than 307 day 80 (S1 Results). Pairwise comparisons among all other days were similar and not significant. 308 309
Presence-only comparisons 310 311
We compared the number of OTU present in each sample to the overall mean using 312 nonparametric comparisons suitable for non-normal, heavy-tailed distributions. The number of 313 OTU -the richness - (Fig. 3a) , increases significantly in the ARISA datatype at day 62 (this 314 mean is above the confidence interval and is thus indicated with a red dot), with earlier and later 315
samples showing no significant difference from the overall mean richness (means indicated with 316 green dots) and no pairwise differences in means compared to each other with nonparametric 317 tests (S1 Results). 318 319
In contrast to the ARISA datatype pattern, the number of different SCU present in the size-class 320 datatype is significantly lower at day 48 (Fig. 3b) , while all other stages are within the 321 confidence limit for the overall mean richness. Nonparametric pairwise comparisons of SCU 322 indicated that day 48 was significantly lower than all later-stage samples and that days 72 and 80 323 had significantly higher SCU means present than day 30 (S1Results). 324 325
Core Community Members 326 327
For the ARISA datatype, there were three OTU found in all stages of community development; 328 these were OTU9, OTU22, and OTU24, which comprised 1.5% of the total number of OTU. For 329 the SEM datatype, there were 13 SCU (5.7% of the total); a visual display of the proportions of 330 all 13 across the seven sample dates is shown in Supplemental Figure 3 . 331 332
Co-occurrence patterns 333 334
To further examine community assembly processes we looked at trends in the co-occurrence of 335 pairs of species in both phyllosphere datatypes. We examined these patterns in our data to 336 identify ways that community composition could differ. Positive co-occurrence is defined as 337 species occurring together more often than random (and thus having potential mutualistic 338 interactions), while negative co-occurrence values indicate that the species pair is found together 339 less often than the random expectation (potential antagonistic interactions). Co-occurrence 340 patterns changed across plant stages in both ARISA ( Fig. 4) and SEM (Fig. 5 ). Participation of 341 certain OTU and SCU in varying interactions across multiple stages is indicated by the red color 342 intensity and number of overall edge interactions in the DyNet networks ( Fig. 4b and Fig. 5b ). 343
In the ARISA datatype, highly variable co-occurring OTU (intense red color in Fig. 4b ) had both 344 positive and negative interactions with other community members. In contrast, the SEM 345 datatype exhibited more positive interactions connecting highly dynamic nodes (intense red 346 nodes in Fig. 5b ). There were more positive than negative significant co-occurrences in both the 347 ARISA and SEM datatypes ( Fig. 4 and 5, edge arrows with points). The number of co-348 occurrences increased later in the season in each datatype, though not at the same stage; as seen 349
in Fig. 4 , ARISA had the largest number of network nodes at day62 and for SEM (Fig. 5 ) the 350 largest number of nodes was day72. The overall proportion of co-occurring pairs was similar in 351 each datatype (Table 2) , with a minority of microbial types found to have significant co-352 occurrence partners. Specific OTU (S1 Figure) and SCU (S2 Figure) Our experimental design allowed for a single microbial sampling that was not confounded by 358 differential exposure to recent weather events. This design, which has recently been 359 recommended by Shade et al. (2013) and by Williams et al. (2013) , allows us to examine the 360 contributions to community assembly due to dispersal, filtering and niche-related processes. 361
Comparisons of presence-absence patterns to presence-only richness within a datatype are 362 complementary analyses, as the presence-absence matrix allows for overall tests of community 363 difference (Permanova-based) and tests for beta-diversity difference as difference in 364 homogeneity of variance (Permdisp). Presence-only lists of taxa or size-classes allow 365 examination of the richness dimension of the microbial communities, abstracted away from other 366 structural differences. 367 368
Are two datatypes better than one? We measured a trait (microbe size) and a relatedness 369 (ribosomal length difference) metric, and the two datatypes were not especially similar at 370 specific time points, making them complementary rather than redundant; we infer that predictive 371 power from one datatype to the other would be low. Misclassification of ribosomal spacer lengths to different taxa when they are in fact due to 382 population differences, and misclassification of large bacterial cells in a size-class separate from 383 their smaller offspring, would have consequences for trends across samples if the 384 misclassification probability were different at the different stages of community development. In 385 our study, the underlying assumption is that our probability of misclassification is the same 386 across stages. For size-classes, misclassification could increase with time due to growth of cells, 387
resulting in a continuous increase in the number of SCU over time. We do not see this trend in 388 our data, so from our study there is no evidence of confounding misclassification. We cannot 389 rule out misclassification that occurs only at specific stages using our experimental design. We 390 suggest that sample processing for future experiments include in-line size separation so that size-391 classes, ribosomal data, and molecular/metabolic data are collected as true multivariate data in 392 each sample. Image information such as our scanning electron micrographs or fluorescence-393 based microbial images could also be analyzed for patterns that could illuminate resource use 394 traits and specific cell-shape-based mutualisms [46] . 395 396
Trends in richness, co-occurrence trends, and beta-diversity changes together define overall 397 community assembly mechanistic contributions, with habitat filtering characterized by 398 unchanged richness, unchanged co-occurrence frequency, and decreasing beta-diversity. Niche 399 development would be observed as a combination of increasing richness, increasing co-400 occurrence, and lowered beta-diversity. Finally, a neutral pattern --with no change in 401 immigration probability over time --would exhibit trends toward increasing richness, unchanged 402 co-occurrence, and unchanged beta-diversity . Comparison of recent phyllosphere analyses and 403 our work using this framework emphasizes the role of niche development as a mechanism of 404 community assembly. 405
406
First we compare our results with recent work in apple flower microbial communities, where 407 beta-diversity was initially at relatively high levels, decreased, then increased over the remainder 408 of the season; richness (measured as phylogenetic diversity in the apple flower work) increased 409 then leveled off, and finally co-occurrences showed early increase then decline and rebound 410 toward higher levels over the season [20] . To summarize, early in the apple flowering season the 411 diversity patterns support niche development mechanisms, and later in the season both habitat 412
filtering and niche development patterns were seen. In our study of maize leaf microbial 413 epiphytes we also found that there was no overall temporal trend. Our leaf ARISA pattern of 414 diversity change was not especially similar to the apple flower changes; for example, we found 415 no significant change in beta-diversity, while beta-diversity declined then rose over the later part 416 of the season in apple flowers. Our ARISA richness and the apple flower phylogenetic diversity 417 also differed, with apple flower phylogenetic diversity increasing then leveling off, while on 418 maize leaves richness increased only in one later growth stage. The evenness in both our ARISA 419 and apple flower phylogenetic diversity varied; in apple flower the 'mid' stage had a lower 420 evenness while in our ARISA dataset the day 80 evenness was lower than in day 30. Co-421 occurrences in our study increased in mid-season, as did the apple flower communities in the 422 early flower stage. Overall, the early season patterns in the across-season apple flower microbial 423 community analysis were the most similar in community assembly to our maize leaf staggered-424 stage analysis. In addition to the apple flower study, in a recent study of three different crop leaf 425 phyllosphere seasonal patterns, Copeland et al. [21] found that alpha-diversity increased then 426 decreased across the season, with more shared species later in the season. In all three crops, 427 beta-diversity (as measured as Unifrac distance for leaf-specific microbes) decreased across 428 season, though not evenly; the beta-diversity decrease was more prominent later in season and at 429 one time-point was higher during the later phase. Co-occurrences were not analyzed in this 430 study, so these crop study results are consistent with niche and/or habitat mechanisms. 431 432
Core communities in crops are those that are either recruited early and retained, or continually 433 input across the season. These are often found by presence [47] , as in our analysis of ARISA 434 and SEM core microbial community members. We found a relatively small proportion of core 435 OTU and SCU; other phyllosphere studies such as on apple flowers [20] found more (for apple 436 flowers the generalist category was 14%, for example). Our core set should be considered as a 437
first description, as we did not consider absences or compare our core set to air or soil samples. 438
Instead, our core set focused on microbial community members that colonized leaves of all 439 developmental stages. 440 441
Our ARISA taxonomic diversity patterns and microbial cell size trait datatypes exhibited 442 different specific patterns of diversity, but there was similarity in trend overall, as both datatypes 443 support niche process contributions to community assembly. Niche (deterministic) processes 444 have recently been found to be important in soil microbial communities [48, 49] . In lakes, 445 microbial generalists found at multiple spatially separated sites had a better fit to neutral 446 stochastic models, with specialists exhibiting a more deterministic pattern [50] . As leaf surface 447
communities are quite different than air or soil communities [8] , and the number of core species 448 in our inventory is low, we suggest that many maize leaf microbial community members are 449 specialists. Our staggered experimental design highlighted the role of microbe-microbe 450 interactions in leaf microbial community development. We thus suggest that future experiments 451 use staggered experimental designs and multivariate metabolic, genic, and size-trait data 452 collection. 453 454 455
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